Abstract-Passive radar, which detects and tracks targets of interest by using noncooperative illuminators of opportunity (IOs), has become popular since qualified IO sources are widely accessible nowadays. This letter examines the target detection problem for a passive multistatic radar, where the receivers are contaminated by nonnegligible noise and direct-path interference (DPI). The signal transmitted from the IO is treated as a deterministic but unknown process. A generalized likelihood ratio test approach is proposed, where the H 1 estimation problem is solved using an iterative method. A clairvoyant matched filtering detector, which assumes the knowledge of the IO waveform, is provided as well to benchmark performance. Simulation results are presented to show the effectiveness of the proposed detector in the presence of DPI.
I. INTRODUCTION
P ASSIVE radar exploits noncooperative illuminators of opportunity (IOs), such as television, radio, and cellular signals, to detect and track objects of interest [1] - [4] . Using existing ambient signals, passive radar can easily be deployed without incurring additional spectrum usage. Furthermore, passive radar can readily employ a multistatic configuration by leveraging multiple IOs at different locations, which will lead to spatial diversity and improved performance [5] , [6] .
However, passive sensing is more challenging than its active counterpart because the IO waveform is unknown to the receivers. To deal with this difficulty, one popular solution is to employ a reference channel (RC) at the receiver to collect the direct-path (transmitter-to-receiver) signal and, as well, a separate surveillance channel (SC) to collect the target echo [1] , [2] , [4] . Then, a cross-correlation (CC) operation is conducted between the RC and SC, which resembles the matched filtering (MF) approach used in active radar. It should be pointed out that, due to the presence of noise in the RC, the CC is suboptimal and has been shown to be highly sensitive to the RC noise [7] .
Recently, new improved passive detectors were introduced by taking into account the effect of noisy RC [8] , [9] . IO waveform estimation with noisy RC and the prior knowledge that the waveform resides in a low-dimensional subspace is examined in [10] . Aside from the above studies, where the IO waveform is treated as a deterministic process, another approach to deal with the unknown IO waveform is to model it as a stochastic process. One simple way is to treat the samples of the waveform as independent and identically distributed Gaussian variables. Two stochastic passive detectors were derived based on this idea in [9] . However, the IO waveform is in general correlated due to coding, modulation, pulse shaping, and other transmitter processing. Stemming from this fact, [11] considered the problem of estimating the delay and Doppler frequency of a target signal in passive sensing by modeling the IO waveform as a correlated Gaussian process. In [12] , the authors studied the delay-Doppler estimation problem in passive radar using orthogonal frequency-division multiplexing (OFDM) communication IO sources. Meanwhile, a number of studies considered passive detection with multichannel observations obtained via, e.g., multiple spatially distributed sensors [13] - [15] , where the interchannel correlation of the observations can be exploited, which circumvents the need for a separate RC.
The handling of direct-path interference (DPI), i.e., the direct transmission from the IO source to the SC, is another major challenge in passive radar. The DPI is generally significantly stronger (by many tens to even over a hundred dB) than the target echo [16] . In [7] , it was shown that a modest level of DPI can significantly degrade the performance of the CC detector. Therefore, passive radar has to employ some interference cancellation technique, such as an adaptive antenna with a null formed in the direction of the IO, and/or a temporal filter that utilizes the reference signal in the RC to cancel the DPI [17] . Despite such cancellation, some residual DPI may still exist due to, e.g., limited array size and null depth [18] . As a result, the DPI may still be at a nonnegligible power level compared with the target echo. However, most existing work on passive detection, e.g., [1] , [2] , [8] , [9] , [13] - [15] , did not account for the residual DPI.
In this letter, we examine target detection for a passive multistatic radar system, where the receivers are contaminated by nonnegligible noise and DPI. We propose an iterative approach that models the unknown IO waveform as a deterministic process. The solution is developed under the generalized likelihood ratio test (GLRT) framework. Our proposed detector is an extension of the algorithm proposed in [14] , by taking into account the DPI effect. For performance benchmarking, a clairvoyant MF detector that assumes the exact knowledge of the IO waveform is also developed. Numerical results show that the proposed passive multistatic detector significantly outperforms the detector in [14] , especially when the DPI is strong.
II. PROBLEM FORMULATION
Consider a multistatic passive radar system, as shown in Fig. 1 , which contains one noncooperative IO and K distributed receivers. The signal collected by the kth receiver (channel) in the presence of a target, denoted by y k (t), can be expressed as
where x(t) is the unknown signal (baseband equivalent) transmitted by the IO, d k is the propagation delay from the IO to the kth receiver, i.e., the propagation delay of the DPI, t k is the propagation delay of the target, due to the transmission from the IO to the target and then from the target to the kth receiver, f k is the target's Doppler frequency seen at the kth receiver, β k is the scaling coefficient that includes the antenna attenuation and the channel propagation effects from the IO to the kth receiver, α k is the scaling coefficient accounting for the target reflectivity, the antenna gain, and the channel propagation effects, and n k (t) is the additive zero-mean white Gaussian noise at the kth channel with power (variance) η.
To simplify the system model, we observe that the direct-path delay d k is generally known a priori and can be compensated for, since the location of the IO is usually known to each receiver. Let y k (t) = y k (t + d k ) denote the kth delay-compensated signal, and the delay-compensated noise n k (t) is similarly defined. This leads to
where τ k is the kth bistatic delay given by τ k = t k − d k and α k = α k e j2π f k d k . We assume that x(t) has a duration of T s, e.g., due to the framed transmissions employed by the IO, in which case T represents the frame duration. The observation interval T o is selected such that T o ≥ T + τ max , where τ max denotes the maximum bistatic delay that can be tolerated by the system. We sample each channel using a sampling frequency f s ≥ 2(B + f max ), where B denotes the bandwidth of the signal x(t) and f max is the maximum Doppler frequency of the target that is designed detectable by the system. Suppose M samples are collected for each channel over the observation window T o , i.e., T o = MT s , where T s = 1/f s denotes the sampling interval. Let y k , x, and n k be M × 1 vectors formed by M adjacent samples of y k (t), x(t), and n k (t), respectively. In addition, the M -point discrete Fourier transform matrix T has entries 
where the channel noise n k is a zero-mean white Gaussian noise with covariance matrix ηI M and
The problem of interest is to determine if a target is present in the cell of interest (test cell) using the observations {y k }. For each cell under test, the detection problem can be described by the following composite binary hypothesis test [8] , [9] , [13] , [14] , [19] :
where the unknowns are the IO waveform
T , and the channel noise power η. Note that the data model has a multiplicative ambiguity among α k , β k , and x, which makes these parameters not uniquely identifiable. To resolve the ambiguity, we impose an additional constraint x = 1. This constraint does not have any impact on the detection problem.
In radar detection, it is customary to divide the uncertainty region of the target delay and Doppler frequency into small cells and each cell is tested for the presence or absence of a target [20] . Therefore, for each cell under test, D(τ k , f k ) is known because the delay and Doppler associated with that cell is known. For notational simplicity, we henceforth use
III. PROPOSED DETECTORS
In this section, we develop a detector for the problem (5) under the GLRT framework. In addition, a clairvoyant MF detector is derived, assuming that the IO waveform is known, and can be used to benchmark the detection performance in the presence of DPI.
A. GLRT Detector
The GLRT principle requires the maximum likelihood estimates (MLEs) of the unknown parameters under both hypotheses. Let the observations from K receivers be stacked as Y = [y 1 , y 2 , . . . , y K ]. Then, the GLRT is given by
where p(Y|α, β, x, η) and p(Y|β, x, η) denote the likelihood functions under H 1 and H 0 , respectively. In the following, we present the solutions to the two maximum likelihood estimation problems in (6) , and the estimates are used in the GLRT detector. Under H 1 , the likelihood function can be written as
The MLEs of {α, β}, as functions of the IO waveform x, can be written as
where
Substituting the above estimates back into the likelihood function, we havê
where the projection matrices are given by P ⊥ k = I − P k and
Expanding further the objective function, we obtain
and
Algorithm 1: Proposed Approach.
Initialization: l = 0 and x
, the principal eigenvector of Θ (l) , and γ (l+1) is the corresponding principal eigenvalue. 3) Check convergence. end for
If the dependence of Θ(x) on x is neglected, the right-hand side of (10) is a quadratic form with respect to x, which is maximized by the principal eigenvector of Θ. Therefore, we propose an iterative approach to maximize (10) , where the current iteration fixes the matrix Θ(x) by using the estimated x from the previous iteration and then maximizes the resulted quadratic form. Similar iterative approaches were also utilized in [21] - [24] for radar waveform design. The proposed iterative approach is summarized in Algorithm 1.
Let γ be the final update of the principal eigenvalue after all iterations. The noise power can be estimated aŝ
Under H 0 , the received data is free of target echoes, and the unknown parameters are {β, η, x}. The likelihood function is similar to (7) with α = 0. The MLE of β k can be written aŝ
Inserting (15) into the likelihood function, we obtain
which is the principal eigenvector of the matrix YY H . Finally, the MLE of the noise power is obtained as [14] 
where λ 1 denotes the largest eigenvalue of Φ Y H Y. By applying the above results to (6) followed by simplification, the GLRT detector is given by
where ξ is a suitably modified version of the threshold in (6) . Denote λ 1 ≥ λ 2 ≥ . . . ≥ λ K as the ordered eigenvalues of the K-dimensional matrix Φ. To gain an insight into the structure of the proposed GLRT detector, we equivalently write (18) as
where the result
We notice that the denominator in (19) is exactly the MLE of the noise power under H 0 . Therefore, the test statistic in (19) is the difference between the two principal eigenvalues normalized by the estimated noise power.
B. Clairvoyant MF Detector
For comparison, we derive a clairvoyant MF detector in the presence of DPI under the GLRT framework. The detector is clairvoyant because it assumes that the IO waveform is known. It serves as a benchmark for passive detection with DPI.
Under H 1 and starting from the likelihood function (7) but with x known, we obtain the same expressions as in (8) for the estimates of {α, β}. Then, the estimate of the noise power is given byη
where the projection matrices {P k } are known in the current case. Under H 0 , the MLE of the noise power iŝ
Consequently, the clairvoyant MF detector can be written as
IV. NUMERICAL SIMULATIONS In this section, numerical results are presented to illustrate the performance of the proposed detectors. The algorithm proposed in [14] is included in our comparison, which is referred to as the LAM detector since its test variable is the ratio between the largest eigenvalue and the arithmetic mean of eigenvalues, i.e., Kλ 1 / K k =1 λ k . Note that the LAM detector neglects the DPI. For fairness, we also include in comparison a modified generalized canonical correlation (mGCC) detector, which extends the original GCC detector [19] with DPI cancellation. Specifically, the mGCC first estimates the IO waveform as the principal eigenvector of the sample covariance matrix YY H [13] , [14] , which is then used to form an estimate of the DPI that is subsequently subtracted from the observation. The residual is then input into the GCC detector for target detection. In the following, the signal-to-noise ratio (SNR) is defined as
and the DPI-to-noise ratio (DNR) as
The detection probability curves versus SNR are plotted in Fig. 2 , where the observation length M = 20 and channel number K = 3. Two cases of different DNRs are considered. In the first case when DNR = 0 dB, i.e., moderate DPI, the proposed detector is slightly better than the LAM detector, whereas the mGCC detector is almost the same as the proposed one. When the DNR increases to 20 dB, i.e., strong DPI, the proposed detector and the mGCC become significantly better than the LAM detector, thanks to their ability to handle the DPI. In addition, it can be seen that the proposed method is closer to the MF and better than the mGCC. This is because the proposed method can benefit more from a strong direct path signal. 3 illustrates the detection performance versus DNR. We can see that the proposed and the mGCC detectors significantly outperform the LAM detector, especially in the high DNR region. When SNR = 0 dB, it is seen that the proposed detector improves as DNR increases while the mGCC exhibits little changes, which indicates that the proposed method can not only mitigate the DPI but also exploit it for passive detection.
V. CONCLUSION
In this letter, we considered the target detection problem for a multistatic passive radar system by taking the DPI into account. We proposed a GLRT detector by treating the unknown IO waveform as a deterministic process and utilizing an iterative method for estimation. We also proposed a clairvoyant MF method which, along with the conventional LAM detector and the modified GCC detector, is included in performance comparison. Numerical results show that the proposed detector performs better than the mGCC detector and significantly outperforms the LAM detector that ignores the DPI.
